Highlights
Highlights

(i)
Data-driven approaches may provide new insights into understanding facilitation (ii) Facilitation & competition coexist depending on the spatial scale.
(iii) Within a spatial scale there are competitive years and facilitative years.
(iv) Tree size is more important predictor than density in tree survival (v) Large trees moderate surface temperature more than vegetation density
Introduction
With the rapid development of smart sensors, social networks, as well as digital maps and remotely-sensed imagery, spatio-temporal data are more ubiquitous and richer than ever before (Fayyad et al., 1996; Gupta et al., 1997; Moustakas, 2017) . The volume of such (big) data creates great challenges in the handling, visualizing, and analysing (Chen and Zhang, 2014; Jagadish et al., 2014; . These challenges have generated the necessity of new interdisciplinary fields between statistics, computer science, and the field of the data domain, potentially providing a paradigm shift in science (Kitchin, 2014) , with data-driven approaches (Deluigi et al., 2017; Hong et al., 2018; Levi et al., 2018; Yin et al., 2018) .
Since its advent, remote sensing has provided important coverage, mapping and classification of land-cover features, such as vegetation, soil, and water (Lillesand et al., 2014) . Remote sensing is giving us unprecedented access to data between ecosystems and climate (Kerr and Ostrovsky, 2003; Reichstein et al., 2007) , allowing us to explore ecological effects which are weak at the individual scale but important in determining ecosystem-level properties. Within the field of ecology, the availability of remotely sensed imagery has huge potential for addressing ecological questions at scales unimaginable in the past (Xu et al., 2015) . One area is the ability to look at patterns of survival between plants over large scales and multiple time steps (Moustakas et al., 2010) . This is important because the way trees interact and survive determines a range of ecosystem services and thus has implications for nature-based solutions (Baró and Gómez-Baggethun, 2017) .
Often under-recognised in the past, positive (facilitation) and negative (competition) density plant interactions are now considered to have serious implications for population dynamics and ecosystem function (Brooker et al., 2008) . There are several definitions of facilitation (Wright et al., 2017) as well as interactions occurring between different types of plant, such as tree-tree, shrub-tree, tree-grass or woody species-grass, grass-seedling, and seedling-adult trees. Here, our focus is on tree survival, so we use the term 'facilitation' as increased chance of woody species survival (tree-tree and shrub-tree, i.e. among woody species only, thereafter tree) with increasing number of individual neighbours or canopy cover within a defined neighbourhood. Facilitative-competitive interactions have often been investigated in terms of the stress gradient hypothesis (Bertness and Callaway, 1994) , which predicts an increase of positive interactions (facilitation) with increasing environmental stress (Bertness and Callaway, 1994; Blaser et al., 2013; Dohn et al., 2013) . Apart from the interest that facilitation exhibits from the perspective of basic biological knowledge, it has serious implications for soil surface water, degraded land restoration (Antonio et al., 2018; Víctor et al., 2017) , as well as for agriculture and food security (Li et al., 2014; Moschitz et al., 2015) . To that end, understanding the interplay between trees and the way they ameliorate their biotic and physical environment (Yu and D'Odorico, 2017) as well as climate and soil, is critical for ecosystem management, agricultural planning, and water management (Davis et al., 2017) .
Negative density effects on plant life-histories have been reported to switch to positive effects along a stress gradient, with precipitation as the most commonly reported stress (Noemí et al., 2016) . However, there are several other key stressors that can include, among others, elevation (Cavieres et al., 2006; Choler et al., 2001) , grazing (Smit et al., 2007) , fire (Moustakas, 2015) , and temperature (Callaway and King, 1996) . In addition, the strength and sign of density effects depends on both on the spatial and temporal scales. Regarding spatial scales, there are cases where competition and facilitation coexist in the same ecosystem (Staver, 2018) , with finer scale facilitation and coarser scale competition (Riginos et al., 2009) , or the inverse (van de Koppel et al., 2006) .
In terms of temporal scales it has been documented that depending on the daily environmental conditions the same individual plants can compete or facilitate depending on water availability and temperature (Wright et al., 2015) . These relationships can change over time, in some years facilitation or competition may dominate. Even in years, where, on average, facilitation may dominate, there may be days that competition prevails. Thus, this provides a challenge in selecting the temporal scale for analysis. Adding to the complexity of the problem, positive or negative density effects depend also on the density per se as a stress gradient with studies reporting that facilitation peaking at intermediate densities (Dickie et al., 2005) and other studies reporting that higher densities would increase both competition and facilitation determined by the environmental stress gradient (Wright et al., 2015) . Part of the complexity (Veblen, 2008; Wright et al., 2013) and lack of a clear picture may derive from the fact that the definition of the spatial scale (neighbourhood) of local interactions becomes a crucial determinant of the power to detect effects at different scales (Bradter et al., 2013; Gunton and Pöyry, 2016) ; (Fig. 1) .
In this study we employ hypothesis-free big data analytics of the impact on tree survival by other tree individuals across 61 years. We integrate a previously published tree dataset with a large number of tree individuals across a long temporal replicate (Moustakas et al., 2006; Moustakas et al., 2008) with temperature, soil water, and water stress data. All data are derived by remote sensing. Doing so we retrospectively integrate tree data with hydrological and climatic data that were not previously available, as the first two time replicates of the tree data were derived in periods when satellites were not available (aerial photos were used instead), and thus the hydrological and temperature data could not be extracted. Past studies in facilitation have mainly been hypothesis-driven. The problem is that when we make a hypothesis, we become attached to it (Chamberlin, 1897; Platt, 1964) . We explicitly refrained from formulating any hypotheses; instead we performed data-driven analysis, making the implicit hypothesis that an underlying dependence between collected data can be objectively mined (van Helden, 2013) . Data-driven approaches are not competitive to hypothesis-led studies in scientific knowledge discovery but are complementary and iterative with them (Kell and Oliver, 2004) . To that end, we initially perform data-driven selection of the best index of tree density as well as the spatial scale of interactions. We then study survival as a function of density, size of the individual, and year as well as their interactions. We sought to quantify the data-driven index of density as well as scale of spatial interactions. We sequentially investigated the spatio-temporal patterns of density effects.
Methods
Study area
Plots (N=7) are located in semi-arid savanna in the Southern Kalahari near the city of Kimberley, South Africa, covering a total area of ~700 ha. A satellite view of the plots is provided in Fig. 1a , and a ground view in Fig. 1b . Plots extend between 28°55"00' S, 24°77"40' E and 28°65"00' S, 24°88"90' E. Rain is seasonal, falling mainly between December -February (summer months) (Moustakas et al., 2006) . Mean annual precipitation is 411 mm (St.Dev = 132), while summer mean maximum daily temperature is 32 o C, and winter mean minimum daily temperature is 3 o C (Moustakas et al., 2006) . The soil consists of mainly Hutton (haplic arenosol) type soil and its depth exceeds 2 m (Moustakas et al., 2006) . The main tree species present in the plots are Acacia erioloba, Acacia hebeclada, Acacia tortilis, Grewia flava, and Tarchonanthus camphorate, with A. erioloba being by far the most dominant species, as precipitation is scarce and the sandy soil in the area allows deep rooted species to access permanent deep-soil aquifers (Moustakas et al., 2006) . In general the study plots had grazing and some browsing, whereas anthropogenic disturbances and land-uses were minimal (Moustakas et al., 2006) .
Normalized Difference Vegetation Index (NDVI)
The Normalized Difference Vegetation Index (NDVI) ( (Deering and Haas, 1980; Tucker, 1979) is commonly used to represent the level or intensity of vegetation activity. It is based on a simple ratio between the near infrared (NIR) and red (R) spectral bands, which characterize leaves development and photosynthesis, respectively (Daliakopoulos et al., 2009) . The MODIS satellite data with a ground resolution of 250 m was used over the plots.
( 1) where ρ i is the reflectance for the red and near infrared bands, denoted by subscripts R and NIR, respectively.
Land Surface Temperature (LST)
Land surface temperature (LST) is a significant parameter in exploring the exchange of surface matter, surface energy balance and surface physical and chemical processes and is currently widely used in soil, hydrology, biology and geochemistry (Deng et al., 2018; Hao et al., 2016; Tomlinson et al., 2011) . Landsat 4 and its successors have one or two thermal bands, and they offer the possibility of obtaining LST estimates at 30 m resolution. Emissivity data must be estimated or alternatively obtained from secondary sources (Muro et al., 2016) . A common way of estimating emissivity is the NDVI threshold method, which is based on the statistical relationship existing between thermal and visible and near-infrared bands ( (Deng et al., 2018; Sobrino et al., 2004 )Deng et al., 2018 Sobrino et al., 2004) . The relationship has also been reported to yield higher accuracies in arid areas (Sobrino et al., 2008) , therefore its use in the case study is ideal. Here we estimate LST from a single thermal channel using the generalized SC algorithm proposed by (Jiménez-Muñoz et al., 2009; Jiménez-Muñoz and Sobrino, 2003) that is applicable to the TIR channel of Landsat 5 relying on the estimation of the so-called atmospheric functions (AFs), which were assumed to be dependent only on atmospheric water vapor content and land surface emissivity.
Soil Moisture Index (SMI)
Soil moisture retained a great deal of attention during recent years, with several relevant indicators being proposed using a wide range of completely different methods and sensors (Kerenyi and Putsay, 2000; Vlassova et al., 2014 (Carlson et al., 1994) or a trapezium shape (Moran et al., 1994) where the upper sloping edge is defined as the dry edge ( ), and the lower sloping edge is defined as the wet edge ( ), since they represent extreme conditions of soil moisture and evapotranspiration.
Tree data
A previously published (Moustakas et al., 2006; Moustakas et al., 2008) long-term (1940 to 2001 over 5 time snapshots) tree data set covering over 20,000 individuals within the study area plots was used. The study species are evergreen and thus their NDVI reflectance has very low inter-annual variation . Hence, the fact that the aerial photos have not been taken during the same month each year does not introduce significant bias in the projected tree size . There was negligible browsing, anthropogenic disturbances, or tree diseases in the study plots (Moustakas et al., 2006) . As a result, the tree canopy size (as estimated from remote sensing) is not biased by these causes (Moustakas et al., 2006; Moustakas et al., 2008) .
For the identification and multi-temporal analysis of the trees, black-and-white aerial photographs of the area taken in 1940, 1964, 1984, and 1993 , and an IKONOS satellite image taken in 2001 were used. Every individual tree was identified and followed from 1940 to the next available photo till 2001. The spatial resolution of the aerial photos was 2 m, whereas that of the IKONOS satellite image was 1 m. Since both satellite and aerial photos are used in the tree database, the spatial resolution was set to 2 m; as a result, trees with canopy diameter of minimum 2 m are clustered. Thus, assuming a cyclical projected canopy, the minimum projected canopy area (tree size) recorded is approximately:
In order to avoid the tree delineation error, we excluded from the analysis all trees appearing to have canopy area larger than 350 m 2 , which was the maximum recorded and verified during fieldwork (Moustakas et al., 2006) . The study area analyzed in this paper contained 16,331 tree individuals in total across years. Field work for comparing patterns in the classification and easily visible ground-truth landmarks, as well as comparing remotesensing classified and actual tree canopy sizes of tree individuals was also performed; for further details concerning the remote-sensing methods see (Moustakas et al., 2006; Moustakas et al., 2008) .
Spatio-temporal tree dataset
The classification conducted populated a database containing the X, Y coordinates of each tree, the year, the canopy surface area in m 2 , a unique tree number ID, the year that the tree was first seen and last seen, and whether the tree survived (survival) or not (death) as binary events. Processing further with spatial statistical analysis, we clustered spatial neighbourhoods in terms of circles with increasing radii spanning from 4, 8, 16, 32, 64, 128, 256 , and 512 (focal neighbourhood) m around each tree individual (focal individual) replicated across all tree individuals in the data base, for each available time step. We then calculated (i) the number of tree individuals, (ii) the total canopy cover, and (iii) the percentage of canopy cover within each focal neighbourhood [4, … , 512] m.
Data integration
We sought to integrate the spatial tree data set with NDVI, temperature, and soil moisture of neighbouring areas in a grid-based classification of 30 x 30 m. The USGS Landsat 5 Collection 1 Tier 1 Raw Scenes with a resolution of 30 m were processed using a Google Earth Engine (GEE) script (see Supplementary material, Appendix 1). Among the high resolution optical sensors, Landsat-5 is considered as one of the better calibrated sensors for NDVI extraction and it is thus often used as a benchmark for other products (Beck et al., 2011) . These data were not available for the two first time snapshots (1940 and 1964) since satellite records became available much later. Nevertheless, they were available for the last 3 snapshots (June 1984 (June , 1993 (June , and 2001 , exact dates and scenes shown in Table S1 )). Indexes discussed here were used without further calibration since (a) the aggregation level of the satellite image information (30 x 30 m) would not allow direct ground-truthing with conventional ground measurements, and (b) the results we later draw upon don't pertain absolute values but rather a comparative assessment among the scenes. NDVI and LST were extracted from the respective Landsat scene enveloping the study area and values were plotted for each scene pixel (Fig. S1 ). To get an estimate of the wet and dry edges of the conceptual trapezoid, data was binned in intervals of 0.05 NDVI and for each interval minimum and maximum values are identified. Then, linear regression was applied to the resulting minimum (wet edge) and maximum (dry edge) temperatures. From the regression equations, the slopes (a) and intercepts (b) were obtained and applied to Eq. 4. Table S1 shows the resulting values (see Supplementary material). The R code for the estimation of SMI from NDVI and LST values is given in Supplementary material, Appendix 2. The final resulting dataset comprised of all the tree data described above plus values of NDVI, temperature, and soil moisture index for each tree individual.
Standardised Precipitation Index (SPI)
Standardised Precipitation Index (SPI); (McKee et al., 1993) is widely used to access meteorological drought occurrence as cumulative precipitation deviation from the norm on a variety of timescales (Daliakopoulos et al., 2017) . On short timescales, SPI relates well to stress on soil moisture, while at longer timescales, it can depict water stress on slower processes such as groundwater and reservoir storage (Keyantash, 2018) . SPI is obtained by fitting a gamma or a Pearson Type III distribution to monthly precipitation values. The default implementation employed here uses a 2-parameter gamma distribution fit where the shape and scale parameters are maximum likelihood estimates as described in (Thom, 1958) . Here, SPI-48 (the cumulative precipitation deviation from the norm over 48 months) corresponding to long duration events (Daliakopoulos et al., 2017) was estimated using monthly precipitation data from the nearest (distance ~35 km) weather station at Kimberley, South Africa, and the 'SPI' package in R ( (Keyantash, 2018; McKee et al., 1993) .
Survival Analysis
We employed Generalised Linear Models with logistic regression with tree death as dependent variable (an event occurring at most once for each tree in the data and thus avoiding temporal autocorrelation). We initially sought to quantify the most parsimonious data-driven index of neighbourhood density which included (a) number of tree individuals within each focal neighbourhood, (b) percentage of canopy cover within each focal neighbourhood, (c) total cover within each focal neighbourhood by selecting the model that exhibited the lowest Akaike (AIC) value (Burnham and Anderson, 2002; Gunton and Kunin, 2007; . Sequentially sought to quantify the most parsimonious datadriven index of focal neighbourhood (i.e. define the best scale of competitive-facilitative tree interactions) by selecting the focal neighbourhood (scale) that exhibited the lowest AIC. Having quantified the optimal index of neighbourhood density and the optimal index of spatial scale of interactions, we then sought to quantify tree survival (dependent variable) as a function of the size of tree individual, density, and year and all their two-way and threeway interactions. In particular, the three-way interaction between tree size, density and year can provide spatio-temporal information regarding potential switching from competition to facilitation through time (negative to positive density effects on survival) for different levels of density and how is this modulated by tree size. Year refers to the last seen year of a tree. Analysis of heteroscedasticity of the best model indicated that the model fit assumptions were fulfilled.
Explaining temperature or SMI with tree size, density, and year
Linear models were fitted between SMI or LST as dependent variables (analysis repeated twice, once for each dependent variable) and the best data-driven index of density, scale of interactions and tree size (independent variables), in order to predict soil moisture or land surface temperature on each location based on those variables. Analysis of heteroscedasticity of each of the two models, indicated that the model fit assumptions were fulfilled each time.
Results
Data-driven index of density and of spatial scale
The number of tree individuals increased exponentially across the examined scales of 4 to 512 meters around each tree (Fig. 2a) ; this pattern was very similar to the total cover around each tree across scales (Fig. 2b) . However, the inverse pattern was recorded with the percentage of cover around each tree across scales, where the percentage of cover decreased exponentially across scales (Fig. 2c) . The best data-driven index of density was total cover across scales ( Fig. 2d and Table S3 , S4, S5 in Supplementary material S2). The best data-driven scale of interactions was 512 m, the coarsest scale from the ones explored, followed by 4 m the finest scale from the ones explored ( Fig. 2d and Table S4 ). We therefore proceeded throughout the analysis by counting within a circle of 512 m around each individual tree (scale) the total tree canopy cover in m 2 (density).
Examining the best model fit between tree death and density (total cover within 512 m from each tree), size of the individual tree, and year indicated that all three variables were significant and their marginally significant three-way interaction between them was not justified (Table 1) ; the removal of the three-way interaction between size-density-year resulted in a model with >2 AIC difference than the full model (Burnham and Anderson, 2002) . The interaction between year and size explained the largest amount of deviance (696.66) followed by tree size alone (543.27), and density alone (345.41); (Table 1) . The interaction between size and density (1.37), size and year (17.77), the three-way interaction between size density and year (7.47) explained relatively small amounts of the total explained model deviance, and year alone was also not among the most informative predictors of survival (125.01); (values of explained deviance in parentheses here and Table  1 ).
Size had a negative effect on death indicating that larger individuals had lower chance of death and thus a higher chance of survival (negative model coefficient for size alone, Table 2 ), and this was consistent across years: the size-year interaction was negative across all years with negative coefficients for size :1964, size:1984, and size:1993; Table 2 . Increasing densities always resulted in increased chance of survival (facilitation) for smallsized trees across all years (bin size=0, Fig. 3 ). Increasing densities had no effect on the mean chance of survival for large-sized trees (bin size=350 , Fig. 3) ; however, increased densities resulted in increased the confidence intervals for the survival of big trees indicating larger variance and potentially negative density effects on big trees (bin size=350, Fig. 3 ). In 1940, the interaction between density and size is negative with increasing densities across all tree sizes (i.e. there was facilitation) except the largest trees (bin size=350) were there was no effect between density and survival (neither facilitation or competition) (Fig. 3) . In 1964, there were positive density effects on survival (facilitation) for all tree sizes except the largest trees (bin size=350) where negative density effects were found (competition); (Fig.  3) . In 1984, there were increased deaths with density across all tree sizes (competition) except the smallest sized trees (bin size=0) that the relationship is positive i.e. facilitation (Fig. 3) . In 1993 there is decreased chance of death with increasing density (facilitation) for small and intermediate tree sizes and increased death chance with density (competition) for the largest sized trees (bin sizes of 200 and 350); (Fig. 3) .
Water stress (SPI)
In terms of water stress (SPI index), there were periods of severe draught (SPI < 1.5) as well as severe humidity (SPI > 1.5) across all available time intervals (Fig. 4) . Exceptional draught (SPI ≤ -2) was recorded during the 1964 -1984 period (in 1967 Fig. 4) as well as during the 1984 -1993 period (in 1986 Fig. 4) . Exceptional humidity (SPI ~ 3) was also recorded in the 1964 -1984 period (in 1978 Fig. 4) .
Soil moisture (SMI)
Tree size, year, and density were highly significant predictors of SMI (all interactions significant; Table 3 ). The interaction between year and density and year alone explained the majority of deviance (8.29), but overall the values of deviance explained were low (all values of deviance explained in Table 3 are smaller than 10). SMI increased with tree size, and with canopy cover (positive model coefficients in Table 4 ). SMI also increased in time during the study as indicated by the positive coefficients for years 1993 and 2001 (the coefficient for year 1984 is in the intercept; Table 4 ). SMI always decreased with increased densities for large sized trees (Fig. 5) . In 1984 SMI increased with density for small sized trees (Fig. 5) . In 1983, SMI increased with density for small and middle sized trees (Fig. 5) . In 2001 SMI decreased with density across all tree sizes (Fig. 5) .
Land Surface Temperature (LST)
Tree size, year, and density were highly significant predictors of LST (all covariates and their interactions significant; Table 5 ). Overall, year explained the vast majority of deviance in LST (deviance explained 62390 in Table 5 ), followed by tree size (455), and the interaction between density and year (359; Table 5 ). LST decreased with increasing tree size and density (negative model coefficients in Table 6 ). LST decreased in 1993 and increased in 2001 in comparison with 1984 (the coefficient for 1984 is within the intercept; Table 6 ). In 1984 LST decreased with increasing density for small and middle sized trees, while it increased with increasing density for large sized trees ( Fig. 6; Table 6 ). In 1993, LST decreased with density for all tree sizes except the largest trees (bin size=350); (Fig. 6) . In 2001, LST increased with density for all tree sizes (Fig. 6 ).
Discussion
Overall, death (the reciprocal of survival) was best explained (in terms of model deviance) by the interaction between density and year, shifting from facilitation to competition through time. It is important to note that it is the same tree individuals that facilitated that end up competing (Wright et al., 2015) . Thus, when seen form a dynamic spatio-temporal perspective, in space there are both scale-dependent positive and negative density effects coexisting in the same ecosystem as described in other studies (Riginos et al., 2009; Staver, 2018; van de Koppel et al., 2006 ) -see also Table S5 & S6 in Supplementary analysis S3 for reporting the same result here. In time there is a shifting of positive to negative density effects at shorter time scales (Wright et al., 2015) as well as through years as shown here. However, one of the major findings reported here is that the survival of small sized trees was always facilitated by increased densities (i.e. always facilitation), while the survival of large sized trees was never facilitated by increased densities (i.e. either competition or no density effects).
It is often considered that within the stress gradient, it is the arid end (i.e. lack of water) that generates stress and thereby promotes facilitation (Dohn et al., 2013; Noemí et al., 2016) . However even in an arid ecosystem such as the one examined here there is severe or exceptional water stress from humidity too -see SPI graph, Fig 4. While we cannot causally link water stress temporal conditions with survival and facilitation (we are unaware in which year/point within each interval of the data each tree died), we conclude that experimental stress gradients should include both the arid end as well as the humid end stress. Will facilitation occur in the high end of severe or exceptional humid conditions? Tree death due to prolonged wet conditions is well recorded in humid ecosystems (Assahira et al., 2017; Tzeng et al., 2018) and to that end extreme humidity can act as a stressor. Nevertheless our understanding of the use of surface vs. groundwater by deep rooted trees in more arid ecosystems is limited (Steggles et al., 2017) .
The second best explanatory variable of the death was tree size alone while density alone was the third best predictor. During 1940-1964 facilitation was recorded across densities and tree sizes. However, large sized trees exhibited higher variance in the confidence intervals of the positive effects of density, implying that the level of facilitation varied. During 1964-1984 higher densities facilitated small sized trees but resulted in competition for large sized tree individuals. During 1984-1993 higher densities resulted in competition across all tree sizes but competition was higher for larger sized trees. During 1993-2001, density did not show any effects on small sized tress but exhibited negative effects on large sized ones. It is therefore not only the effects of density (Dickie et al., 2005; Wright et al., 2015) but also the size of the individual that play an important role -some earlier work has been briefly mentioning the role of tree size in terms of height in tree-grass interactions (Blaser et al., 2013; Moustakas and Evans, 2013) . The role of tree size is important because large trees have a longer rooting system (Jackson et al., 2000) and are thus more likely to up-lift water via hydraulic lift (Ludwig et al., 2003) with vertical roots or to sustain rain water through their horizontal roots (Caldwell et al., 1998; Caldwell and Richards, 1989; Schenk and Jackson, 2002) . In addition, tree size is a good predictor of survival (Colangelo et al., 2017; Coomes and Allen, 2007; Moustakas and Evans, 2015) with large trees having a higher probability of survival.
The fact that tree size was more important predictor than density has also serious implications for nature-based solutions (Keesstra et al., 2018; Nesshöver et al., 2017) : maintaining large tree individuals or planting species that can become large-sized can safeguard against desertification or tree-less areas (Aba et al., 2017; Lindenmayer and Laurance, 2017; Runnström, 2000) by promoting survival at long time periods through harsh environmental conditions. The role of scattered trees (Prevedello et al., 2018) and, complementarily, the effects of declining old large tress (Jones et al., 2018) on biodiversity conservation have also been highlighted. In addition, species that can grow fast or become large-sized can facilitate ecological restoration of degraded areas (Rawlik et al., 2018) . Assuming that large trees are likely to be old (Harper, 1977) , in agricultural systems old individuals have been reported to prevent soil erosion to a considerable larger extend than younger ones (Rodrigo-Comino et al., 2018) and to that end old large tress are likely to efficiently act against soil erosion. Large trees are keystone species both in natural ecosystems (Munzbergova and Ward, 2002) as well as in urban parks (Stagoll et al., 2012) .
In terms of soil moisture (SMI) the interaction between year and density explained the majority of deviance implying that the effect of density on soil moisture depends on the levels of density. Within this effect, large tree individuals exhibited a negative relationship with SMI for high densities. It has been reported that SMI may be peaking at intermediate densities (Ilstedt et al., 2016) . Our results show no support for this but this could be a limitation of the linear assumptions of our analysis (Berk, 2004) .
In terms of temperature, LST depended mainly on year meaning that overall it is the physical conditions that define the LST and the role of vegetation is relatively small (the deviance explained by year is two levels of magnitude higher than the one explained by biotic characteristics, size, or density). However, within this effect, both tree size (Breshears et al., 1998) and density (Kawashima, 1994; Song et al., 2013) had an effect in moderating temperature, with tree size having a level of magnitude stronger effect in temperature moderation than density. Again this highlights the importance of large trees on ecosystems (Jones et al., 2018; Lindenmayer and Laurance, 2017) . In addition it has implications for nature based solutions in moderating urban temperatures (Gill et al., 2007; Nielsen et al., 2017) , water use (Lin et al., 2018) , energy saving (Kliman and Comrie, 2004; McPherson and Simpson, 2003; Morakinyo et al., 2018) , as well as climatic-efficient agroforestry (Sida et al., 2018) . While these effects can be quantified via remote sensing, they may often pass unnoticed as high resolution data are needed (Zhou et al., 2018) .
Defining the spatial scale of interactions is critical (Génin et al., 2018) for defining density and this in return can have direct effects on positive or negative density effects. Often the 'local' interactions or fine scale is measured as e.g. distance to the nearest plant neighbours (Li et al., 2017; Meyer et al., 2008) . However, the nearest neighbours in an arid ecosystem will be more distant than the nearest neighbours in a humid ecosystem. In addition if for example the four nearest neighbours were measured, the fifth nearest neighbour (not accounted for) may be a large-sized individual with strong interactions with the focal individual . In designed experimental studies (e.g. planting or manipulating plant individuals (Roush et al., 2017) ), setting up quadrats also requires an, often subtly taken, decision regarding the scales of interaction. We suggest that a datadriven definition of scale of local interactions (Gunton and Kunin, 2007) may be a step forward for better understanding positive and negative density effects (Bradter et al., 2013; Gunton and Kunin, 2009) , as well as their implications for agriculture , soil water availability (Zhang et al., 2018) , and potential temperature amelioration (Soliveres et al., 2011; Wright et al., 2015) . Note that the results derived here regarding competitivefacilitative interactions and tree survival would be notably different at different spatial scales across the ones examined (Supplementary analysis S3) and the relationship between scale and survival is spatio-temporal (Soliveres et al., 2010) and to that end, complex.
Going a step further, the data-driven scale of interactions (found to be here 512 m), would not hold true when calculated for each available year individually; partitioning the data for each available year and calculating the best data driven scale of interactions in 1940, 1964, 1984, 1993, and 2001 would not yield the same optimal scale of 512 m for each year. However using a dynamic (i.e. changing with time) year-specific spatial scale (circle) of interactions would introduce the statistical problem of multi-collinearity (Arturs, 2018; Fox and Monette, 1992) : any scale found to be optimal for at least one time period would need to be included in the model that contains all the data and therefore densities e.g. at 4 m and at 512 m circles would need to be included in a full model across years. However, all individuals at 4 m are also within the 512 m circle generating multi-collinearity (Fox and Monette, 1992) . While we chose a 'mean-field-approach' in defining the spatial scale of interactions across the time span of the study, in reality the scale of interactions is shorter than 512 m in some years (results not shown here).
Conclusions
Defining the spatial scale of interactions has substantial effect on density and reciprocally on whether density interactions will be positive or negative. The data-driven scale of interactions can change between years. Within the best data-driven spatial interaction scale, the best explanatory covariates of tree survival is the interaction between density and year shifting from facilitation to competition through time. Small sized trees are always facilitated by increased densities while large sized trees had either negative or no density effects. Tree size (alone) is a more important predictor than density (alone) in tree survival. This has serious implications for nature-based solutions, as maintaining large tree individuals or planting species that can become large-sized can act against tree-less areas by promoting survival at long time periods through harsh environmental conditions. Large trees have also a significant effect in moderating land surface temperature thereby creating a cool microclimate, and this effect is higher than the one of vegetation density on temperature. Therefore, an equal total cover consisted of several small-sized or middle-sized trees will not moderate the temperature as the same total cover comprised by large-sized trees. 5.591 <0.0001 *** -6.226 < 0.0001 *** Figure 1 . a. Examples of potential interaction scales around a tree individual that can be used to define tree densities, and sequentially positive or negative density effects, from a detail of the remote sensing imagery in the study plots. The spatial extent of neighbourhood is used to define density as it is the denominator of the number of individuals or cover within the defined space. This is critical because based on the definition of the scale of interactions (neighbourhood) facilitation can be recorded in one scale while competition can be recorded on the nearest available used. , and density in 512 m circles around each tree. The vertical axis indicates probability of tree death (%). The horizontal axis indicates density in terms of total canopy cover in m 2 within a circle of 512 m around each tree. Panels indicate different years. Lines within panels indicate levels of the size of the tree individual that died across years with confidence intervals. Results are also reported in Table 1 and Table 2 . 1940 1945 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 Results are also reported in Table 3 and Table 4 . Table 5 and Table 6 .
Supplementary material
Data-driven competitive-facilitative interactions and their implications for nature based solutions
Supplementary information regarding the Land Surface Temperature (LST) -see methods. 1984, 1993, and 2001 , and respective linear regression lines to identify dry edge (red line) and wet edge (blue line).
Selecting of the best data-driven index of neighbourhood density and the optimal scale of interactions. The potential neighbourhood density indices explored were (i) number of tree individuals denoted with d in the model structure below, (ii) the total tree canopy cover denoted s in the model structure below, and (iii) the percentage of tree canopy cover denoted with p in the model structure below. Each density index was tested across spatial scales of 4, 8, 16, 32, 64, 128, 264, 512 meters (focal neighbourhoods) . Years examined are 1940 Years examined are , 1964 Years examined are , 1984 Years examined are , and 1993 . Year refers to the last seen year of a tree (i.e. if a tree was seen in 1940 but not in 1964 death year is 1940). Tree deaths were analyzed (the reciprocal of survival) an event occurring maximum once in the dataset as time series. The Generalised linear model (glm) with a binomial family (logistic regression) quantified tree deaths as a function of density within in scale-specific neighbourhood, size in terms of canopy surface area in m 2 of the tree individual, and year. The notation * between two variables A* B denotes the effects of variable A, the effects of variable B, and the interaction effect between A and B.
Number of individual trees across scales > > q1<-glm(death~size*Year*d4, family="binomial") > q2<-glm(death~size*Year*d8, family="binomial") > q3<-glm(death~size*Year*d16, family="binomial") > q4<-glm(death~size*Year*d32, family="binomial") > q5<-glm(death~size*Year*d64, family="binomial") > q6<-glm(death~size*Year*d128, family="binomial") > q7<-glm(death~size*Year*d256, family="binomial") > q8<-glm(death~size*Year*d512, family="binomial") > > AIC (q1,q2,q3,q4,q5,q6,q7,q8) Total canopy cover across scales a1<-glm(death~size*Year*s4, family="binomial") a2<-glm(death~size*Year*s8, family="binomial") a3<-glm(death~size*Year*s16, family="binomial") a4<-glm(death~size*Year*s32, family="binomial") a5<-glm(death~size*Year*s64, family="binomial") a6<-glm(death~size*Year*s128, family="binomial") a7<-glm(death~size*Year*s256, family="binomial") a8<-glm(death~size*Year*s512, family="binomial") > AIC (a1,a2,a3,a4,a5,a6,a7,a8) Table S3 . AIC scores of logistic regression with total tree canopy cover as density indicator a cross scales. The bolded italicised value corresponds to the minimum recorded AIC score deri ved from deaths at scales of 512 m with total canopy cover as a neighbourhood index. Percentage of canopy cover across scales > v1<-glm(death~size*Year*p4, family="binomial") > v2<-glm(death~size*Year*p8, family="binomial") > v3<-glm(death~size*Year*p16, family="binomial") > v4<-glm(death~size*Year*p32, family="binomial") > v5<-glm(death~size*Year*p64, family="binomial") > v6<-glm(death~size*Year*p128, family="binomial") > v7<-glm(death~size*Year*p256, family="binomial") > v8<-glm(death~size*Year*p512, family="binomial") > > AIC (v1,v2,v3,v4,v5,v6,v7,v8) Results from the second best (data-driven) optimal scale of interactions. Basel on the results of Table S3 the optimal spatial scale of interactions is a circle of 512 m around each tree, which was used throughout the analysis. The second best scale as deduced from results in Table S3 is the one of 4 m (the finest scale from the ones examined here). The results from the scale of 4 m do not match the ones of 512 m and in many years there is an inverse result regarding the effects of density on survival (death), showing that both positive and negative effects coexist on the same location at the same time depending on the scale. 
